Abstract There is limited data describing endothelial cell (EC) gene expression between aneurysms and arteries partly because of risks associated with surgical tissue collection. Endovascular biopsy (EB) is a lower risk alternative to conventional surgical methods, though no such efforts have been attempted for aneurysms. We sought (1) to establish the feasibility of EB to isolate viable ECs by fluorescence-activated cell sorting (FACS), (2) to characterize the differences in gene expression by anatomic location and rupture status using single-cell qPCR, and (3) to demonstrate the utility of unsupervised clustering algorithms to identify cell subpopulations. EB was performed in 10 patients (5 ruptured, 5 non-ruptured). FACS was used to isolate the ECs and single-cell qPCR was used to quantify the expression of 48 genes. Linear mixed models and exploratory multilevel component analysis (MCA) and self-organizing maps (SOMs) were performed to identify possible subpopulations of cells. ECs were collected from all aneurysms and there were no adverse events. A total of 437 ECs was collected, 94 (22%) of which were aneurysmal cells and 319 (73%) demonstrated EC-specific gene expression. Ruptured aneurysm cells, relative controls, yielded a median p value of 0.40 with five genes (10%) with p values < 0.05. The five genes (TIE1, ENG, VEGFA, MMP2, and VWF) demonstrated uniformly reduced expression relative the remaining ECs. MCA and SOM analyses identified a population of outlying cells characterized by cell marker gene expression profiles different from endothelial cells. After removal of these cells, no cell clustering based on genetic co-expressivity was found to differentiate aneurysm cells from control cells. Endovascular sampling is a reliable method for cell collection for brain aneurysm gene analysis and may serve as a technique to further vascular molecular research. There is utility in combining mixed and clustering methods, despite no specific subpopulation identified in this trial.
Introduction
Cerebral aneurysms are common, affecting 1-6% of the population, and their rupture carries significant morbidity and mortality. Consequently, the clinical and aneurysm morphological features associated with rupture have been extensively studied [1, 2] . There are also numerous in vitro and animal studies characterizing the cellular and molecular events involved in aneurysm formation, growth, and Electronic supplementary material The online version of this article (https://doi.org/10.1007/s12975-017-0560-4) contains supplementary material, which is available to authorized users.
rupture [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] . Despite these efforts, there remain only a few series describing the histopathological features of aneurysms as well as the differences in gene expressivity between aneurysmal and non-aneurysmal arteries and non-ruptured and ruptured aneurysms [11, [13] [14] [15] [16] [17] [18] [19] . This paucity of data stems in part from the risks associated with aneurysm tissue collection. Furthermore, these bulk genetic studies represent the collective expression of all cell types that compose the aneurysm wall limiting conclusions as to genetic changes within the respective cell layers affected in aneurysm formation and rupture.
The concept of endovascular tissue collection is known and has been performed using a range of different devices in many anatomic locations [20, 21] . The technique is less injurious to the vessels it targets for study relative to classical open surgical tissue collection and, given the expanse of endovascular techniques in most surgical disciplines, can be applied to a much wider array of patients and diseases. It also has the benefit of isolating the EC population more efficiently than ex vivo tissue digestion methods. This is important, as the ECs are the primary biomechanical interface translating chemical and fluid dynamic forces to the vessel wall as a whole. Despite its expanding use, endovascular cell sampling has not been used in the cerebral vasculature.
The endovascular treatment of cerebral aneurysms is widely employed and commonly performed using detachable coils. At times during embolization, a coil may not fit within the aneurysm and needs to be removed. That coil, normally discarded, may collect cells during its exposure to the aneurysm and those cells may be harvested from the device and studied, a concept established using pigs and the rabbit-elastase aneurysm model [22, 23] . The benefit of coil-based sampling is the specificity and safety the technique provide, though the cell yields are often small (< 20 cells) compared to stents. As such, we established methods using fluorescence-activated cell sorting (FACS) analysis to optimize cell collection as well as single-cell qPCR techniques to better confirm cell identity using the genetic expression patterns of cells in combination with their cell surface markers [24, 25] .
Using the combination of endovascular coil-based cell sampling, FACS, and single-cell qPCR analysis, we studied a cohort of 10 patients undergoing cerebral aneurysm treatment (5 non-ruptured and 5 ruptured). The aims of this study were threefold: (1) to establish the feasibility of the coil-based technique to isolate viable endothelial cells; (2) to characterize gene expression profiles of ECs collected from ruptured and non-ruptured aneurysms and the iliac arteries; and (3) to demonstrate effective bioinformatics analysis methods, such as unsupervised, machine-learning analytical techniques of gene expression at the individual cell level, to help identify clusters in the data that might represent distinct subpopulations.
Methods Patient Selection
Patients were screened from outpatient clinics and in-hospital census lists. If a patient was to undergo treatment, he or she and/or their family was questioned about their interest in participating in the study. In addition to the standard surgical consent, written informed consent (CHR No. 10-03924) was collected permitting collection of an additional coil during treatment to be used for the express purpose of cell collection. All patients were adults (> 17 years) and all aneurysms had not been previously treated.
As part of CHR approval, formal stopping rules were put in place. In the event of a single adverse event, defined as symptomatic periprocedural stroke (hemorrhagic or ischemic), the study was to stop for formal review by IRB-appointed members. The other risks of the study, including additional anesthesia, additional ionizing radiation, potential exposure of patient health information, and potential disease discovery through genetic analysis, were considered and discussed as part of informed consent. These secondary risks, however, were not felt to be as potentially harmful as that of the added stroke risk and not considered significant adverse events.
Endovascular Cell Sampling
To address the feasibility of endovascular coil-based EC sampling, we used three criteria: (1) safety, (2) cell yield and viability for purposes of gene expression analysis, and (3) veracity of the EC population as defined by a combination of surface markers and gene expression profile. Safety was defined as no unintended hemorrhagic or thromboembolic complications either during deployment or retrieval of the sampling coil. Cell yield was quantified using FACS (described subsequently) and cell viability for purposes of gene expression was defined by the success of quantitative PCR methods (described subsequently).
Cell sampling procedures were carried out as previously described [22] . Routine surgical practice was followed for all procedures. Patients were administered general endotracheal anesthesia and prepped and draped in the usual fashion. A transfemoral approach was performed for all procedures. Following control femoral angiography, a 0.035-in. guidewire (Benson or BJ^curved wire) was advanced into the sheath permitting contact with the iliac arterial segment. The wire was removed and the distal 7-cm cut and immediately placed into a 50-ml Falcon tube containing dissociation buffer. At this time, a 5-ml arterial blood sample was also collected. This sample served as the internal control for the study subject.
All patients received an intravenous bolus of heparin with target activated clotting time (ACT) double of baseline or > 250 s. We recognized systemic heparinization might affect cell collection yields, but given our standard use of anticoagulation during aneurysm treatment, we opted to maintain the practice for thromboembolic risk reduction. Aneurysm treatment was performed using telescoping guide and microcatheters as each patient's anatomy required. Once the microcatheter was positioned within the aneurysm fundus, a coil was selected for the purpose of aneurysm treatment, not to maximize cell yield (e.g., coil with a diameter and/or length oversized for the aneurysm). The primary goal of the procedure was treatment of the aneurysm and if the operator thought removal of the coil posed a significant risk to the patient, it was left in place and the procedure continued without cell collection. Only the first coil was used for cell collection in each case. We considered the approach whereby only those coils that were discarded for clinical reasons would be used for sampling. One major issue with this approach is that if the coil to be discarded was not the first coil in contact with the aneurysm, then cells were too often absent all together. During our preliminary investigations in animals and humans, we noted this effect and posit that the inability of the coil to have multiple direct points of contact with the aneurysm, as opposed to other coils, limits cell collection. Once the coil was fully deployed within the aneurysm, it was left in place for~30 s after which time it was pulled back into the microcatheter and then removed (coil only, not the microcatheter). The coil was then placed and cut into a separate 50-ml Falcon tube containing dissociation buffer. A new coil was selected and the procedure carried out as per routine practice.
EC Enrichment by FACS
Workflow of the post-processing steps is outlined in Fig. 1 . EC enrichment methods were described in our previous report [22] [23] [24] . Briefly, after dislodging the attached cells on the endovascular devices with vortexing and centrifuging, RBCs were first removed by ACK Lysing Buffer (Gibco, Grand Island, NY). The nucleated cells were then stained with seven fluorescently conjugated monoclonal antibodies for further single EC sorting on FACS. Four EC markers, CD31, CD34, CD105, and CD146, were used for selecting ECs; three WBC markers, CD45, CD42b, and CD11b, for removing contaminated leucocytes, myeloid cells, and platelets. Each of the sorted EC candidates was sorted to individual wells of 96-well plate that were filled with reverse transcription-specific target amplification buffer containing 5 μl CellsDirect 2X Reaction Mix (Life Technologies, Carlsbad, CA), 0.2 μl SuperScript III RT Platinum Taq Mix (Life Technologies, Carlsbad, CA), 2.8 μl nuclease-free water, and 1 μl 10× primer mixture (500 nM).
Single-Cell Reverse Transcription Quantitative PCR
Single-cell RT qPCRs were carried out following the protocol in our previous report [24] . Briefly, a PCR thermocycler was used to finish reverse transcription and cDNA pre-amplification, and BioMark system (Fluidigm, South San Francisco, CA) and 48.48 nanofluidic chips were used for microfluidic single-cell qPCR. The detected 48 genes were selected (Table 1 ) from prior works implicating their involvement in aneurysm pathophysiology that was summarized in our previous study [24] . We grouped these genes into functional groups: angiogenesis, inflammation, and extracellular matrix maintenance to assist in final analysis [26, 27] . Additional genes for cell identification were also selected to identify the triple-positive EC gene expression (CD31, CD34, and CD105) cohort (triple-positive cells) to best ensure the identity of the studied cells was both EC by surface antigens and genetic functionality [28, 29] 
Statistical Analysis
Patient characteristics, aneurysm size and location, coil specifications, and cell yields were summarized. We tested whether aneurysm cell yields were associated with rupture status with a Wilcoxon rank-sum test. Using mixed-effects logistic regression, we tested whether there was an association between triple-positive status and cell location, i.e., iliac or aneurysmal; we included patient-specific random intercepts in the models to account for clustering.
Linear Mixed Models
To assess gene expression differences between anatomic sites (iliac artery vs. aneurysm) and disease status (ruptured vs. non-ruptured), we ran a series of linear mixed models each with a single-gene expression level as the outcome and multiple predictors that included (1) a history of smoking, as smoking can confound the relationship between rupture status and gene expression levels, (2) patient rupture status, (3) cell location (iliac vs. aneurysm), and (4) the interaction of rupture and location. This last analysis was the primary one because our main goal was to assess the effect of rupture on gene expression in aneurysm cells over and above any effect rupture has on other types of cells. Since individual cells were the observational units, we included patient-specific random intercepts in the models to account for clustering. We used this framework for each of the 48 pre-selected genes. For our results, we report the coefficient for predictor (1) which measures the effect of smoking, the coefficient for predictor (2) 
a Genes used for EC sorting on FACS which quantifies the difference between ruptured and unruptured aneurysmal cells, the linear contrast (3) comparing aneurysm cells to iliac cells irrespective of patient rupture status, and the coefficient for predictor (4) which measures whether the difference between aneurysm and iliac cells is more or less pronounced in ruptured patients than in unruptured patients. These analyses were performed using cell data from the triple-positive cohort to best ensure a true EC identity [28, 29] . Results were oriented such that unruptured status, iliac location, and no history of smoking were the reference groups. The gene expression levels were analyzed as Log 2 Ex units, which was defined as the limit of detection (set to 28) minus the gene expression CT value (negative Log 2 Ex values were set to 0). Thus, each unit increase is interpreted as a twofold increase in gene expression; results were presented as fold change values. These data analyses were performed using Stata 13.1 (StataCorp. 2013. Stata Statistical Software: Release 13. College Station, TX: StataCorp LP).
Unsupervised Clustering
Because the data represent the functionality of individual cells, we expected a wide diversity of gene co-expression profiles among all cells studied. More specifically, we expected cells sampled from aneurysm sites to have both pathological and normal expressivity; likewise for cells sampled from the iliac site. Given there is ample evidence demonstrating the significant genetic expressivity variation among cells of a singular phenotype [30] [31] [32] [33] [34] [35] [36] [37] , we performed an unsupervised, machine-learning analysis to help identify potential cell subpopulations based on gene expressivity. Namely, we employed multilevel component analysis, self-organizing maps and hierarchical agglomerative clustering using data restricted to the within-subject deviation after split-variation decomposition.
Split-Variation Decomposition Pre-Processing
Due to the multilevel nature of the qPCR data (multiple cells sampled from within patients) the correlations between cells sampled within patients must be taken into account during unsupervised clustering analysis. Similar to mixed effects modeling where variation is partitioned into random effects (between-patient variation) and residual (within-patient variation), gene expression data must be decomposed as a preprocessing step. This approach has been used in multilevel sparse partial least-squares discriminant analysis (sPLS-DA) of genetics data [38, 39] . With this technique, the gene expression for cell j for patient s for gene k can be defined as:
where, X k :: is the overall gene k expression across all patients
À Á is the average gene k expression for patient s minus the overall gene k expression across all patients (between-subject deviation) and
is the actual gene k expression for cell j of patient s minus the average gene k expression across all cells of patient s. By separating the sources of variation and removing the between-subject variability, the genetic expression within patients can be focused on, specifically the differences in genetic expression for cells sampled from the aneurysm vs. iliac sites. Therefore, the within-subject variation X w data, with between-subject variability removed, was used in unsupervised clustering algorithms.
Hierarchical Agglomerative Clustering (HAC)
To visually determine the effects of intra-patient gene expressivity correlation, we used HAC on the raw triple-positive data (not X w ). HAC of the 48 gene expressions from triplepositive cells (n = 319) was conducted by scaling the data (cell-wise) and using the hierarchical cluster function Bhclustf rom base package stats in R [40] . The Pearson method was used to develop the covariance matrix for cells and Spearman's method for genes. Genes and cells with similar co-expression relationships were grouped using the complete linkage method to create a topological heat map. Each cell was arranged on the map according to the strength of covariance of cells and genes. Cells were colorized according to their zscore, or expression value in reference to the mean gene expression for all genes for each cell. A color bar was created which represents the patient wherein each cell was sampled. Blocks of similar color indicate collections of cells grouped together for the same patient. The same analysis was conducted using X w data to inspect the differences in clustering with and without compensating for patient-specific correlations.
Multilevel Component Analysis (MCA)
MCA was used to visualize clustering of the aneurysm vs. iliac cells. MCA consists of the following: (i) isometric log ratio transformation of the genetics data, (ii) split-variation decomposition to produce the X w within-subject variation matrix, and (iii) principal component analysis on the X w data. The MCA process was conducted in R using the BmixOmicsp ackage [41] . PCA was used to visualize how cells cluster in the high-dimensional data space. In PCA, each cell is represented as a point within the 48-dimensional data space; in this case, each dimension is a X w gene expression value. New axes are defined, known as principal components; the number of which is equal to the number of variables [48] . The first component is a vector that explains the most variance in the data; subsequent components are orthogonal vectors to the preceding component and explains the highest remaining variance. Principal component 1 (PC1) is a linear combination of the 48 genes that explains the most variance between cells. Likewise, principal component 2 (PC2) is the orthogonal rotation from PC1 and explains the remaining variance, and so on. Principal component 1 and 2 projections of the triplepositive cells were colored by cell type. Loadings for each gene on PC1 were plotted as a bar chart. Scree plotting the variance explained by each component was used to determine the optimum number of components.
Self-Organizing Maps (SOMs)
SOM networks of the X w gene data were also used to identify clusters of cells based on gene co-expression profiles. Briefly, SOM provides a means to cluster cells on the basis of similar gene expression. The technique uses pre-set mathematical relationships to simultaneously explore heterogeneous data and minimize bias of classical supervised tools. Unsupervised methods have emerged as single-cell genomic study has expanded in use [42] . It is customary for studies investigating single cells from a common phenotypic source to find heterogeneous lineages as it relates to the molecular profile [30, 32, [35] [36] [37] [42] [43] [44] [45] . In the oncological field, such results speak to subpopulations that may be more and less susceptible to various therapies, while others have noted subpopulations demonstrating greater pluripotency than others. Beyond diseasespecific states, others have pointed out some of the heterogeneity may be related to cell cycle and others the spatial arrangement of the cells themselves [31, 33] . Regardless of the cause, it is expected that gene expression variation would exist even among a cell group taken from a discrete anatomic site.
Each cell in the SOM is stored as an n-dimensional vector (where n is the number of variables characterizing the cell), which represents a point in an n-dimensional data space. A pre-defined number of nodes are set into the data space. This unsupervised system uses a competitive learning strategy wherein, during training, the Euclidian distance for each node to all weight vectors is calculated as nodes move incrementally closer to cells they are similar to based on n features. After a pre-determined minimum change in mean distance for all nodes has been reached, permutations of the training end and the node that is most similar to collections of vectors, dubbed the best matching unit (BMU), represent a cluster in the SOM network. Therefore, nodes in the SOM represent a collection of statistically similar vectors. In the current analysis, initial map weights for each node were based on loadings on the first principal component. From initialization, in each epoch of the training process, nodes move towards cells in the n-dimensional data space that they are most similar to (minimizing the Euclidian distance) and eventually Block-in.P atterns in the data, at this point, can be represented by a pre-defined number of nodes with genetically similar cells linked to them. In the current analysis, the SOM creates a discretized low-dimensional representation of the triplepositive cells as a smaller number of nodes. The gene weights on each node represent the weighted gene expression for cells linked to the respective node. Neighboring nodes in the network are most similar in terms of genetic expressivity profiles. To visually inspect the pattern of gene expressivity weights across the network, each node was plotted as a circle with fan plots in the circle measuring the specific gene weight on that node based on the genetically similar cells linked to the node. SOM was chosen for its ability to cluster cells on the bases of similar gene expression data and for its ability to be plotted for visual inspection. For more information on the mathematical features of SOMs, see [46] [47] [48] . Each stage of the SOM analysis applied to the triple-positive data is illustrated. The features of this analysis are described in detail in BSupplementary Materials,^BMethods^section.
K-means clustering of nodes in the SOM network was used to identify groups in the data. Node background colors (gray levels) were used to show nodes in each cluster after k-means clustering. The number of clusters identified using SOM was determined using the elbow rule of the within-sum of squares plot.
Results

Feasibility: Patient Characteristics and EC Enrichment Efficiency
Patient-level characteristics are summarized in Table 2 . Four of the 10 patients were male. The average patient age was 62 years old (± 13 years). Six patients were hypertensive and 4 patients were smokers. The average aneurysm size was 6.5 mm (± 2 mm) in the greatest dimension. Viable endothelial cells were collected from all aneurysms and the iliac arteries. A total of 437 FACS-sorted cells was collected. Of these, 94 (22%) were from aneurysms. On average, 9.4 (the median was 6.5) cells were collected from the aneurysm of each patient; the minimum value was 1 and the maximum was 24. There was a trend, albeit not a statistically significant one, for higher cell yields from ruptured aneurysms (13.8 ± 8.6 vs. 5.0 ± 1.9, p = 0.116). Three hundred nineteen of 437 cells (73%) were classified as CD31, CD34, and CD105 triple-positive. Iliac cells were more likely to be triple-positive than aneurysmal cells, but not significantly so (76 vs. 62%, p = 0.114); the proportion of cells classified as triple-positive varied from patient to patient (p < 0.001).
Gene Expression Analysis
Quality of Single-Cell Analysis
Before microfluidic qPCR assay, quality control of single-cell samples by PCR of housekeeping gene GAPDH was carried out after cDNA pre-amplification step, and all the single-cell samples gave positive PCR results that justified the quality of cDNA samples.
Statistical Outcomes
Linear Mixed Models Results from linear mixed model analyses are presented in Supplementary Table 1, with p value distributions presented in Fig. 2 as histograms. Using the triple-positive EC cohort, we found a history of smoking had the strongest association with overall gene expression level in both aneurysm and iliac cells. The median p value for the set of 48 gene expression analyses was 0.10 for the predictor measuring the effect of smoking (Fig. 2a) , with 11 analyses (23%) yielding a p value of less than 0.05 (bolded p values in Supplementary Table 1 ). The median p value for the effect of rupture status on gene expression levels of aneurysm cells was 0.36, with five instances (10%) of p values less than 0.05 (Fig. 2b) . The median p value for the linear contrast comparing aneurysmal and iliac cells was 0.56, with one instance (2%) of a p value less than 0.05 (Fig. 2c) . The median p value of the interaction of location and rupture was 0.40, with five instances (10%) of p values less than 0.05 (Fig. 2d) . The expressions of TIE1, ENG, VEGFA, MMP2, and VWF were reduced in the ECs collected from ruptured aneurysms were relative compared to ECs collected from unruptured aneurysms and the iliac arteries. Given the potential for more limited accessibility of the Fluidigm microfluidic system at other institutions, we performed the same statistical analyses using the FACS EC cohort to help inform other groups interested in using the technique. We do not report the FACS data, though the results were similar to the triple-positive cohort analysis and are presented in Supplementary Table 2. HAC Heat maps from HAC are presented in Fig. 3a (using X w data) and Fig. 3b (using raw triple-positive data). Visual inspection of the color bars for each plot shows that there is significant clustering of cells due to patient (color bar, Fig. 3a ) compared to data limited to within-subject variation (color bar, Fig. 3b ). This cell clustering due to intra-patient genetic correlations validates the need to account for the nested structure of the data when doing unsupervised clustering analysis.
MCA MCA applied to the triple-positive data resulted in PC1 explaining 6.4% of the variance and PC2 explaining 4.4%. Figure 4a shows the proportion of variance explained by each principal component (scree plot). Figure 4b shows the distribution of cells projected on PC1 and PC2, colorized by cell type (aneurysm cells blue; iliac cells orange). The bar chart (Fig. 4c) shows the loadings of each gene on PC1. As can be seen in Fig. 4b , there is a cluster of seven cells (five control, two aneurysm) from different patients that are separated by PC1. Genes which had the highest loading on PC1 were Summaries provided on the bottom row are mean ± sd or a percentage Abbreviations: HTN hypertension, Acom anterior communicating artery, ICA internal carotid artery, PeriCal pericallosal artery, SBA superior cerebellar artery, Pcom posterior communicating artery CD34, ENG, MCAM, and TIE1; all EC marker genes. The negative loading on PC1 for these genes suggests that there is an inverse relationship between the genetic expression and PC score; therefore, these cells have very low expressivity for these four genes. Because these seven cells separated on genes in the cell marker family, they were treated as outliers (nonendothelial cells) and removed from subsequent analysis. Figure 4d -e show the same PCA using data with these seven cells removed. It is apparent that, after removal of these outliers, no inherent clustering of cells is seen on the PC1 and PC2 axes for cell sampling location or otherwise. Subsequent SOM analysis was done using X w data with these outliers removed.
SOM The SOM demonstrated clustering of four groups based on aberrant gene family marker profiles of four cells. Figure 5a shows the distribution of gene family marker weights across the SOM network. Background colors in variegations of gray show the groups. Only two cells were linked to group 1 (dark gray), one cell to group 2 (light gray), and one cell to group 3 (white); the remaining cells (308) clustered into one group (group 4-in black). Similar to MCA, the application of SOM on the X w -MCA filtered data was able to identify additional outlying cells with a very different family marker gene expressivity. These cells were considered nonendothelial cells and were removed. A second SOM was conducted to determine if cell clustering could be seen without outliers. Figure 5b shows the distribution of gene weights throughout the network using X w data with MCA-and SOM-identified outliers removed. Figure 5c shows the within-sum of squares for each number of clusters using kmeans clustering of the SOM nodes. From this plot, no specific number of clusters drastically reduces the within-sum of squares, and therefore, there did not appear to be any inherent clustering in the data. Clustering results were statistically validated using the Bclvalid^package in R [49] [50] [51] [52] . Internal and stability scores were reported in Fig. 6 . Using internal validity based on connectivity, Dunn index, and silhouette scores, hierarchical clustering at two groups of cells scored the best. For stability validation, hierarchical clustering with two groups was identified for the average proportion of non-overlap and average distance between means indices. Difference in average distance using full data vs. iterative single-gene removal identified 10 groups using PAM in the data and similarly using, figure of merit (FOM) SOM was chosen using nine clusters. Although, based on the majority rule of these indices, hierarchical clustering indicates two clusters in the data; the overall internal and stability scores are inconsistent across clustering algorithms. Additionally, HAC heat map modeling of the data and visual inspection of z-scores do not indicate two clusters based on gene co-expression profiles. This is further corroborated by the fact that within-sum of squares of SOM nodes and MCA both showed no inherent clustering of the data.
Discussion
In this study, we accomplished three goals: (1) demonstrated the feasibility of the coil-based technique to isolate viable ECs from human aneurysms; (2) characterized the differences in gene expression between ECs collected from the iliac arteries and aneurysms and ECs from non-ruptured and ruptured aneurysms; and (3) demonstrated that an unsupervised, machine-learning analytical method can be used for analysis of single cell-gene expression while adjusting for the correlation of gene expression profile for cells sampled within the same patient. That we were unable to identify EC gene expression profiles definitive of aneurysms, ruptured or nonruptured, is disappointing, though not surprising given the small sample size and limited number of genes analyzed. Each step of the overall method was, however, successful in its prescribed scope and collectively promise to be a powerful approach in the study of vascular disorders.
Aneurysms are now more commonly treated using endovascular methods than open, microsurgical techniques; a trend that parallels many other vascular surgical fields whereby less invasive treatments can translate into better patient outcomes. What is lost, however, in such widespread adoption of endovascular methods is the ability to gather tissue to better understand the treated diseases themselves. Relative to oncology, we have a much more limited appreciation for the molecular heterogeneity of vascular disorders, largely binning them into those that cause ischemia or hemorrhage. We use simple angioarchitectural details, e.g., degree of stenosis or diameter of an aneurysm, to homogenize these likely genetically variegated diseases into those amenable to treatment and those that are not. There is growing interest in more nuanced imaging-based metrics (e.g., vessel wall imaging or computational fluid dynamics), though we still lack a safe, consistent, and valued means to collect vascular tissue for genetic study.
Just as the study of vascular disorders might learn from oncology the value of systematically collecting tissue for genetic study, it then would also benefit from adopting the statistical methods used to analyze such single-cell data. We opted to use an ensemble combination of traditional linear mixed modeling and more exploratory unsupervised methods. Overall, the linear mixed modeling approach is well established and accounts for patient identity, which may affect gene expression. This approach was used to determine whether pre-specified factors were associated with gene expression levels, though no finding from the statistical models was significant even after a Bonferroni correction for multiple comparisons. Consequently, we focused on the distribution of p values, as detailed previously. As it relates to the second aim, our analysis revealed little evidence that the expressions of the suite of the 48 genes were driven by anatomic location or rupture status. That is not to say that all 48 genes selected were useless markers, but, overall, the set of 48 chosen genes performed poorly and good markers may exist that simply were not chosen. We did note greater differential gene expression through the interaction of the rupture and aneurysm location, as there was a slight preponderance of smaller p values. This hints that supervised binary groupings may lack the necessary nuance to meaningfully capture such differential gene expression in complex, multifactorial diseases such as aneurysms. Interestingly, smoking was strongly associated with differential gene expression levels, which is in agreement with previous findings [53] [54] [55] [56] . As it relates to unsupervised clustering, the techniques (MCA and SOM) shed light on the utility of gene expressivity groups to identify small groups of non-endothelial cells based on gene family expressivity profiles. These 7 false-positive cells were missed during FACS and triple-positive filtering.
After removing these outlying cells, we were unable to show clustering of iliac vs. aneurysmal cohorts although the SOM methods revealed some asymmetrical distributions along the network (Fig. 4b) . Despite focusing on genes implicated in aneurysmal pathogenesis, 48 targets still remain a limited sampling of the genetic possibilities to understand the varied molecular events between endothelial cells in different locations and functional states. Nonetheless, within the respective cohorts, we noted a small number of genes that were significantly differentially expressed with respect to cell location and cell rupture status.
The unsupervised clustering approaches should be seen as a first step in exploring the gene expression landscape of endothelial cell data when cells are sampled from a number of patients, creating nested data. We, however, emphasize the limitations of the analysis given the number of patients, genes, and cells studied. Consequently, making definitive statements of endothelial cell expressivity as it relates to cell location and/ or rupture status are ill considered. Instead, we wish to highlight the value of the entire approach, particularly unsupervised MCA and SOM methods, to reveal data trends otherwise occult using more traditional, supervised methods. The range of gene expression profiles provides evidence of cell heterogeneity related to a spectrum of vascular endothelial cell function. It is reasonable to assume the entire endothelial cell population of any vascular segment need not have a uniform gene expression pattern to manifest disease, whether it be an aneurysm or an atherosclerotic plaque, but instead that there is a specific fraction of cells, as function of surface area and/or environmental forces, that must be dysfunctional for macroscopic pathology to arise. More importantly is that the identification of such critical cell cohorts could reveal those disease states that would respond more favorably to lifestyle modifications and medical therapies rather than to invasive treatments. As noted, there are multiple limitations of this analysis; the most significant being the small number of patients and cells studied. As it relates to safety, the absence of an adverse event within 10 patients is encouraging, but does guarantee similar results if widely used in general practice. Endovascular aneurysm cell collection is experimental and should only be carried out under full IRB approval and with informed consent. As it relates to statistical shortcomings, mixed models are relatively robust in the presence of low numbers of observations per cluster. The low number of clusters used in the model was the greater source of bias in the mixed models, specifically when estimating the within-and between-subject variations. However, in the current analysis, our goal was to estimate the genetic expressivity differences between sampling sites while controlling for the variance component. These point estimates are unlikely to be biased severely due to the low number of cells per cluster, but the precision around these estimates is likely worse, making it more difficult to detect significance at the 0.05 level. Subsequently, because between-subject variation was removed in the unsupervised clustering approach, the low cell yield makes it more difficult to detect clusters based on cell co-expressivity profiles. Certainly, a larger study including more patients and cells per patient will allow better estimates of the precision around the findings estimated here.
Despite such paucity of data, there is promise of a larger scale study. Given the number of aneurysms treated in an endovascular manner worldwide, the potential of collecting more cells is feasible. Furthermore, recent methods of single-cell RNA sequencing have been established and would enable full-transcriptome analysis rather than a select number of genes. Additional limitations include training bias (no additional data outside of this cohort to test model with), the supervised method relying on sampling site to label cell identify and thereby missing single-cell heterogeneity, and an inability to control for confounders such as the cell cycle.
Overall, aneurysms remain an incompletely understood and heterogeneous disorder. Despite some degree of an inheritable component, the majority of aneurysms are considered sporadic. As such, we have a very limited ability to predict who will form an aneurysm, where that aneurysm might arise within the cerebral vasculature, and most importantly, which aneurysms will rupture. There are a handful of gene microarray studies based on aneurysmal dome samples collected during surgical clipping [10, 11] . These studies are informative as they relate to directing research of certain genes or functional gene families, but limited in that they are a homogenization of multiple-cell types (endothelial, smooth muscle, monocytes, fibroblasts, etc.); each group of which may contribute to aneurysm formation, and potentially rupture, in a different way. Furthermore, the technique of tissue collection is limited by the safety of resecting aneurysmal tissue in surgery, something that is not routinely performed, and in that the majority of aneurysms are now treated in an endovascular means. The methods put forth permit a safe and reliable approach to collect tissue for genetic study with the bonus of its ability to isolate the endothelial cell population as well as its potential for more widespread use given the continued expansion of endovascular techniques for all vascular disorders, whether in the brain or not. 
Conclusion
In summary, we have demonstrated the proof-of-principle of human in vivo aneurysm endovascular-based endothelial cell collection. Additionally, we have demonstrated methods to purify those viable cells for quantitative single-cell gene expression as well as both supervised and unsupervised statistical methodologies for their analysis. These results are valuable as the ability to safely and reliably collect endothelial cells in vivo for molecular characterization, particularly within the central nervous system, represents an opportunity to further our understanding of vascular pathophysiology. The combination of single-cell genomic analysis and the use of unsupervised data analysis methods, such as multilevel component analysis and self-organizing maps, offer powerful tools in identifying subpopulations of cells sharing common gene expression profiles involved in vascular diseases, aneurysms, or otherwise.
